Abstract-In real-world scenarios, the clothing difference constitutes one of the most common covariate factors that can affect the performance of gait recognition systems. This paper proposes a gait recognition method which is invariant to maximum number of clothing conditions. First, four kinds of timevarying silhouette features are selected to capture the spatiotemporal characteristics of gait motion. Second, frame-to-frame gait dynamics underlying different individuals' gait features is effectively modeled by radial basis function (RBF) neural networks through deterministic learning. Gait patterns are represented as the gait dynamics underlying time-varying gait features. This kind of dynamics information has little sensitivity to the variance between gait patterns under different clothing conditions. In order to eliminate the effect of clothing differences, the training patterns under different clothing conditions further constitute a uniform training dataset, containing all kinds of gait dynamics under different clothing conditions. A rapid recognition scheme is presented on published gait databases. Extensive experiments demonstrate the efficacy of the proposed method.
Gait Energy Image (GEI) by averaging image of silhouettes in one gait period. Alpha-GEI, an enhanced version of GEI, was proposed by Hofmann et al. [8] to mitigate nonrandom noise. Matovski et al. [9] improved the segmentation processing by using quality metrics for automatic gait recognition. More recently, techniques based on gait entropy image (GEnI) [10] , chrono gait image (CGI) [11] , support vector regression (SVR) [12] were developed for silhouette-based gait recognition. Model-based methods model the human body and its motion from gait sequences and kinematic characteristics of walking are used as features for classification. Cunado et al. [13] proposed an early gait-pendulum model and achieved modelbased gait recognition. Nixon et al. [14] developed a stick model and calculated walking kinematic characteristics. Mu and Wu [15] presented a five-link bipedal walking model. More recently, Wang et al. [16] investigated the potential discriminatory capability of the combined use of five-link model and deterministic learning theory.
Despite that much progress has been made for gait recognition, the performance of these gait recognition systems is affected heavily by several covariate factors, such as walking speed, view angle, elapsed time, carrying condition, shoe type, clothing and walking surface. Among these covariate factors, one of the most vibrant factors is assumed to be the clothing type [17] , [18] . Individuals can walk with arbitrary clothing types in the real-world scenarios, such as shirt, skirt, casquette, and coats, leading to significant changes to the walking appearance and recognition performance [19] . Understanding the effect of clothing variation is crucial to develop a robust gait recognition system. Therefore, special focus is given in this paper to understand and eliminate the effect of walking clothing variation on gait recognition.
The combination of part-based strategy and a probabilistic framework was investigated by Hossain et al. [20] , which was robust against walking clothing variations. More weights were assigned to body parts that remain unaffected due to clothing variation adaptively, and less weights to affected body parts. Three-dimensional radial silhouette distribution transform and geodesic silhouette distribution transform were used by Ioannidis et al. [21] to investigate the influence of different clothing conditions on gait performance. Gait features extracted from weighted Krawtchouk moments, circular integration transform and radial integration transform, were fused using a genetic algorithm (RCK-G), which proved to be robust to limited clothing variation. The method in [17] introduced an averaged gait key-phase image (AGKI) by averaging each of the five key-phases of the gait periods. Gaussian filters were adopted for analysing the AGKIs, each at three cut-off frequencies to achieve robustness against clothing and carrying conditions variation. The method further applied rotation forest ensemble learning recognition to enhance both individual accuracy and improved recognition rate. In [19] , a novel statistical shape analysis method based on Gait Energy Image (GEI) was proposed for cloth invariant gait recognition.
In our previous work [22] , [23] , [5] , we successfully applied deterministic learning algorithm to silhouette-based human gait recognition. Deterministic learning theory is quite capable of capturing the dynamics information underlying the temporal gait features, which contains more in-depth information and is robust to different walking status compared with the static features of gait signals. Following this idea, we continue to search for periodic silhouette features that constitute gait dynamics to achieve robustness against the variance between gait patterns under different clothing conditions.
In this paper, we select three width features of the silhouette and one silhouette area feature to represent the spatio-temporal characteristics of gait motion. Gait patterns are represented as the gait dynamics underlying time-varying gait features, which are effectively modeled by radial basis function (RBF) neural networks through deterministic learning. This kind of dynamics information has little sensitivity to the variance between gait patterns under different clothing conditions. In order to eliminate the effect of clothing differences (no matter the variation is small or significantly large), the training patterns under different clothing conditions further constitute a uniform training dataset, containing all kinds of gait dynamics under different clothing conditions. Based on the gait dynamics information, a set of dynamical estimators are constructed to represent the training gait patterns. By comparing the set of estimators with a test gait pattern whose clothing pattern is included in the training dataset, a set of synchronization(recognition) errors are generated. The similarity measure between the training and test gait patterns is represented as the average L 1 norms of the errors. A test gait pattern can be rapidly recognized according to the smallest error principle.
II. PRELIMINARIES AND PROBLEM FORMULATION

A. Localized RBF Neural Networks and Persistence of Excitation (PE) Condition
An important class of RBF neural networks for our purpose is localized RBF neural networks, where each basis function can only locally affect the network output:
T ∈ R N is the weight vector, N is the neural network (NN) node number, and
T is the regressor vector,
], i = 1, . . . , N being a Gaussian RBF, ξ i being the center of the receptive field and η i being the width of the receptive field.
Localized RBF neural network (NN) is chosen because of its simple linear-in-parameter form, universal approximation ability, spatially localized structure and a property concerning the persistence of excitation (PE) condition. For a localized RBF neural network W T S(Z) whose centers are placed on a regular lattice, almost any recurrent trajectory Z(t) can lead to the satisfaction of the PE condition of the regressor subvector S ζ (Z). With the partial PE condition satisfied, the NN weight estimates normally are guaranteed to converge to their optimal values, which means that accurate NN modeling of the uncertain nonlinear dynamics can be achieved within a local region along the recurrent trajectory. This approach is referred to as deterministic learning [24] .
B. Problem Formulation
The objective of this study is to choose suitable gait features and investigate the cloth-invariant gait recognition based on deterministic learning theory. As we know, gait is composed of a sequence of periodic or quasi-periodic motion patterns. Thus, localized RBF neural networks can be employed to model the unknown gait dynamics between consecutive frame sequences.
Consider a nonlinear human gait system in the following form:ẋ
where
n is the selected gait features, p is the constant parameter vector, representing different gait parameters under different clothing conditions. F (·) is the unknown nonlinear gait dynamics underlying time-varying gait features.
With the satisfaction of PE condition, accurate NN modeling of the gait dynamics is achieved in a local region along periodic gait feature trajectory. The modeling results can be stored and used to constitute a uniform training dataset, for cloth-invariant gait recognition.
III. FEATURE EXTRACTION AND REPRESENTATION
Before training and recognition, gait features within different walking sequences are extracted and represented as signal sequences at this preprocessing stage. 
A. Silhouette Extraction Under Different Clothing Conditions
An important cue in determining underlying gait information of the walking procedure is temporal changes of silhouette shape. Using the background subtraction method [25] , silhouettes in each walking sequence are first extracted. Then, we fill in holes and remove noises by using mathematical morphology method. Edge images can be obtained by applying a Canny operator with hysteresis thresholding. Dilation and erosion procedure is adopted and the body silhouette is finally determined. A bounding box is placed around the part of the silhouette image and the silhouettes are resized to the same height. The whole silhouette extraction process is shown in Fig. 1 .
B. Extraction of Width Features Under Different Clothing Conditions
Recent gait researches reveal that the width of the outer silhouette plays a primary role in gait recognition [5] , [11] , [12] . These findings enlighten us to extract width features for gait identification. Moreover, the extraction of width features will be more easy and accurate, which will guarantee the accuracy of the feature extraction and the performance of gait recognition.
Defined as the distance between left and right extremities of the silhouette, width parameters implicitly capture structural as well as dynamical information of gait. We divide the gait silhouette into four equal regions: subregion 1, subregion 2, subregion 3 and subregion 4, as shown in 
where d represents the dth silhouette frame. Remark 1: Compared with the upper limbs, in accordance with life experience, the lower limbs swing more sharply during human walking. Thus, the width vectors of subregions 3 and 4 are selected as the width features and reflect the influence of clothing variations on silhouette shapes, rather than width vectors of subregions 1 and 2.
C. Extraction of Area Features Under Different Clothing Conditions
Area of the silhouette, which has been also proved as a good silhouette representation method [22] , is used in this study.
Silhouette area reflects the periodic nature of spatial silhouette contours and is selected as one of the spatial-temporal parameters as well. It is minimum when two feet are aligned together and becomes maximum when they are the farthest apart. Denoted as A d , silhouette area, is calculated by counting the number of pixels in it, where d denotes the dth frame.
D. Gait Periodicity and Feature Representation
The median width of the holistic silhouette, the median widths of the lower limbs regions and the silhouette area are combined as silhouette features for gait recognition. These four kinds of gait features reflect gait dynamics information from different aspects. 
T represents the selected gait features.
IV. GAIT PATTERN EXTRACTION AND REPRESENTATION
The median width of the holistic silhouette W Specifically, training gait patterns can be represented by gait dynamics between consecutive frame sequences:
is the state of the system which represents the four gait features under different clothing conditions, p is a constant system parameters vector, F (x; p) is the gait dynamics under different clothing conditions, v(x; p) is the modeling uncertainty. In order to more accurately describe gait dynamics, we define φ(
as the general gait system dynamics.
The objective of the training phase is to approximate the general gait system dynamics φ(x; p) by using RBF neural networks through deterministic learning.
The input of the RBF neural network is the gait fea-
T , with its dimension n = 4. The output of the RBF neural network is the approximated general gait system dynamics φ(
T . First, localized RBF neural networks are constructed:
where Z is the input vector, W is the weight vector, N is the NN node number, s i (·) is a radial basis function. In this paper, Gaussian function
T . Second, dynamical RBF neural networks model is employed to model the gait system dynamics:
T is the state vector of the dynamical RBF model, x is the input vector. a i > 0 are design constants,Ŵ T i S i (x) is a localized RBF neural network used to approximate the unknown general gait system dynamics. The notationŴ i represents the estimate of the optimal weights. In this paper, we have: the initial weightsŴ i (0) = 0 and the design parameters a i = 0.5.
Third, the NN weight updating law is given as follow:
* is the optimal constant weight vector. In this paper, Γ = diag{1.5, 1.5, 1.5, 1.5}, σ i = 10(i = 1, . . . , 4).
The derivative of the state estimation errorx i satisfieṡ
By using the local approximation property of RBF neural networks, the overall system consisting of dynamical model (10) and the NN weight updating law (9) can be summarized into the following form in the region Ω ζ
andẆζ
Sζ(x). The subscripts (·) ζ and (·)ζ are used to stand for terms related to the regions close to and far away from the trajectory ϕ ζ (x 0 ). By setting initial valueŝ W i (0) = 0, it has been proven in [24] and [26] that the entire RBF neural networkŴ T i S(x) can approximate the unknown φ i (x; p) along the trajectory ϕ ζ , and
where i1 = O( ζi ), i (x) < * is the NN approximation error. Fourth, time-varying gait dynamical patterns can be effectively represented by the locally accurate NN approximations of the gait system dynamics:
is the practical approximation error. Hence, the dynamics φ i (x; p) underlying almost every dynamical pattern ϕ ζ (x 0 ) can be accurately modeled in a time-invariant manner via deterministic learning.
V. RAPID RECOGNITION USING GAIT PATTERN (GAIT DYNAMICS)
This section aims to address how to define the similarity between two dynamical gait patterns. Consider a training set containing dynamical human gait patterns ϕ 
k is the system parameter vector. First, similar to the training phase, the median width of the holistic silhouette, the median widths of the lower limbs regions and the silhouette area are extracted. To achieve rapid recognition of a test gait pattern from a set of training gait patterns, it is preferred not to model the gait sequences variability again.
Second, a bank of M estimators is constructed for the trained human gait system dynamics by utilizing the learned knowledge obtained in the training phase:
where k = 1, . . . , M stands for the kth estimator,
T is the state of the estimator. B = diag[b 1 , . . . , b n ] is a diagonal matrix which is set to the same for all estimators, i.e., B = diag [−25, −25, −25, −25] . x is the state of an input test gait pattern.
Third, by comparing the test gait pattern with the set of M estimators, we obtain recognition error systems: 
where 
VI. EXPERIMENTS
In this section, three widely used gait databases: 1) OU-ISIR treadmill gait database B [27] ; 2) TUM GAID gait database [28] ; 3) CASIA gait database B [29] are used to evaluate the performance of the proposed method. These databases directly support the research of gait recognition under the variation of clothing conditions: 1) the OU-ISIR treadmill gait database B contains the maximum number of clothing conditions; 2) the TUM GAID gait database has been widely cited by a large number of papers; 3) the CASIA gait database B includes a large number of subjects. Different from existing gait experiments on clothing conditions, a uniform training dataset consisting of gait patterns under different clothing conditions is constructed. When a test pattern whose clothing pattern included in the prior training dataset appears, it can be recognized.
A. Experiments on OU-ISIR Treadmill Gait Database B
This paper reports experimental results on OU-ISIR treadmill gait database B, which includes 68 subjects and 32 combinations of clothing types to exhibit a comprehensive analysis on the effects of clothing variations. All the gait sequences were collected twice on the same day. Table I lists the combinations of clothing conditions used in the OU-ISIR B dataset. Fig. 5 gives some sample images of the 32 combinations of clothing conditions. Thirty-two experiments designed for OU-ISIR database are listed in Table II . A uniform training dataset containing gait patterns under thirty-two clothing conditions is constructed. We assign one sequence to the training set for each of the 68 subjects, leading to 2176 patterns in the training dataset. The remaining one sequence for each of the 68 subjects is assigned to the testing set in each experiments (Experiment 1-32) .
Based on the aforementioned method described in Section III and IV, we extract silhouette features
through walking sequences. Gait dynamics underlying these four time-varying features can be captured based on deterministic learning algorithm. Fig. 6 shows the convergence of neural weights during gait dynamics acquisition. Only the weight of some neurons whose centers close to the orbit are activated and updated. The weight of neurons whose centers far away from the orbit are not activated and almost unchanged. The recognition performance of the proposed method is reported in Table III. Our method can handle the problem of clothing changes and avoid the great drop of recognition rate no matter these changes are small (e.g. short pants) or significantly large (e.g. rain coat). The presented method captures the gait dynamics information underlying shallow shape (silhouette) information via deterministic learning algorithm. This kind of gait dynamics information reflects the dynamical change of silhouettes while preserving temporal dynamics information of human walking, which does not rely on shape information. Compared with shallow shape information, the gait dynamics information has little sensitivity to the effect of clothing conditions. 
B. Experiments on TUM GAID Gait Database
This paper further reports experimental results of robustness test on TUM GAID gait database, which contains 305 different subjects in an outdoor scenario. Two recording sessions with the clothing and time variation were performed: the first session in January and the second in April. Hereinafter, two different clothing conditions are considered: winter clothing (WC) and summer clothing (SC). A total of 32 of 305 subjects were recorded in both sessions, and each subject is composed of six winter clothing walking sequences and six summer clothing walking sequences. Fig. 7 shows several sample images in the TUM GAID database.
The silhouettes from TUM GAID database are used to evaluate the robustness of the proposed method against the variation in terms of clothing conditions. The process of training and recognition is similar to the process of OU-ISIR treadmill gait database B, therefore, is omitted for clarity and conciseness. We construct a uniform training dataset, which contains gait patterns under two different clothing conditions. Experiments designed for this database are given in Table IV . The performance of our method is presented in Table V . It is shown that the proposed method still achieves promising performance under different clothing conditions. 
C. Experiments on CASIA Gait Database B
This section reports experimental results on CASIA-B database, which includes sequences from 124 different subjects. Each subject contains 6 sequences for normal walking (nm) and 2 sequences for walking in a coat (cl). Fig. 8 shows sample images in the CASIA-B database. Two experiments designed for this database are listed in Table VI . A uniform training dataset containing gait patterns under different clothing conditions is constructed. Four sequences (three nm sequences, one cl sequence) are assigned to the training process, leading to 496 patterns in the training dataset. In Experiments A, three nm sequences are assigned to the testing set under normal clothing condition. In Experiments B, one cl sequence is assigned to the testing set under different clothing conditions. The process of training and recognition is similar to the examples of OU-ISIR database and is omitted here for clarity and conciseness. The rank-1 performance of the proposed method is presented in Table VII It is seen from Table III, Table V, Table VII and Table  X that promising performance can be achieved on three well known public gait databases, no matter the clothing conditions change slightly or significantly. Compared with the recognition results of other methods [17] , [19] , [20] , [21] verified on the OU-ISIR, the TUM GAID, and the CASIA-B gait database, the proposed method is not inferior to others.
The proposed method achieves promising performance when the testing clothing conditions are different from the corresponding training conditions. Deterministic learning method captures the gait system dynamics underlying shallow shape information. Gait dynamics reflects the change of silhouettes while preserving temporal dynamics information, which does not rely on shape information, therefore, has little sensitivity to the effect of clothing conditions. nm-normal walking; cl-walking in a coat.
Existing works carried out gait recognition under the same clothing conditions or under the cross clothing conditions, which means various training datasets should be constructed corresponding to the testing patterns under different clothing conditions. Unlike other methods, a uniform training dataset consisting of gait patterns under different clothing conditions are constructed. When a test pattern whose clothing conditions included in the prior training dataset appears, it can be recognized rapidly, making the proposed cloth-invariant method more applicable in real-world scenarios.
VII. CONCLUSION
The gait dynamics extraction and rapid recognition under different clothing conditions are investigated in this paper by the need of human identification in real-world environments. There are some conclusions in below.
Silhouette features reflecting human gait dynamics and clothing condition variation on gait shapes are extracted. The deterministic learning theory is used to describe the gait dynamics with RBF networks. The obtained knowledge under different clothing conditions will be stored in constant RBF networks. A uniform training dataset consisting of gait patterns under different clothing conditions is constructed. Based on the established method, different gait patterns can be recognized according to the smallest error principle. The proposed method can provide an effective way for robust human recognition under different clothing conditions, which is promising and reliable for individuals recognition.
